A binding hot spot is a small area at a protein-protein interface that can make significant contribution to binding free energy. This work investigates the substantial contribution made by some special co-occurring atomic contacts at a binding hot spot. A co-occurring atomic contact is a pair of atomic contacts that are close to each other with no more than three covalent-bond steps. We found that two kinds of co-occurring atomic contacts can play an important part in the accurate prediction of binding hot spot residues. One is the co-occurrence of two nearby hydrogen bonds. For example, mutations of any residue in a hydrogen bond network consisting of multiple co-occurring hydrogen bonds could disrupt the interaction considerably. The other kind of co-occurring atomic contact is the co-occurrence of a hydrophobic carbon contact and a contact between a hydrophobic carbon atom and a π ring. In fact, this co-occurrence signifies the collective effect of hydrophobic contacts. We also found that the B-factor measurements of several specific groups of amino acids are useful for the prediction of hot spots. Taking the B-factor, individual atomic contacts and the co-occurring contacts as features, we developed a new prediction method and thoroughly assessed its performance via cross-validation and independent dataset test. The results show that our method achieves higher prediction performance than well-known methods such as Robetta, FoldX and Hotpoint. We conclude that these contact descriptors, in particular the novel co-occurring atomic contacts, can be used to facilitate accurate and interpretable characterization of protein binding hot spots.
Introduction
Residues at a protein interface always exhibit an uneven free energy distribution for the interaction [1] . Mutations on the majority interfacial residues have little effect on the binding free energy, but a mutation of the other interfacial residues (a small fraction of the interface) can significantly decrease the binding strength. This small fraction of interfacial residues is called a binding hot spot [1, 2] . Binding hot spots are thus of critical importance for our understanding out cross-validation on the ASEdb database [27] . It is also tested on the independent datasets BID [28] and SKEMPI [11] , and on complexes which are either incorrectly labeled or not included in the dataset ASEdb or BID. This RF model can derive important features that contribute significantly to the accurate prediction of protein binding hot spots. These interpretable features can improve our understanding of binding hot spots and protein binding. The source code of our method can be downloaded from https://sourceforge.net/projects/pprf/files/.
We note that both the method proposed in this work and the one in our previous work [29] used β atomic contacts for the prediction of binding hot spots. Although sharing some similar ideas, the new method has five key points of differences/improvement from the previous method. (i) This work investigates co-occurring atomic contacts, while the previous work [29] did not; (ii) This work conducts thorough analysis of important features, while the previous work [29] did not; (iii) In [29] , water exclusion hypothesis was integrated, while in this work, B factor is used instead; (iv) The method in [29] is developed based on a Ridge regression idea, while the classification method here is trained using RF. RF is used because it is able to produce a ranked list of important features. More importantly, the RF method can outperform the Ridge regression method when trained on the same feature space in this work-Details are reported in Tables 3 and 4 . (v) The method in [29] is useful for hot spot prediction in proteinprotein binding interfaces and might not perform well for prediction of protein-peptide binding (possibly due to the water exclusion effect); however, the method presented in this work is powerful even when tested on a dataset containing both protein-protein binding and proteinpeptide binding. The study of protein-peptide binding is also important as it is involved in a wide range of biological processes and the small interfaces are attractive for therapeutic targets.
Materials and Methods Dataset
The training dataset. The training dataset in this work contains 20 protein complexes, most of which are collected from the ASEdb database [27] , denoted herein as the ASEdb dataset. Interfacial mutations for these complexes are defined by FoldX for the sake of making a fair performance comparison with FoldX and other existing works. All interfacial mutations are alanine mutations, and each of them is associated with a ΔΔG. We note that the mutation of Gly to Ala is not considered because this kind of mutations might cause significant reconfiguration. The structures of protein complexes are also required to have available B factors in the Protein DataBank (PDB). Furthermore, an interacting protein pair in a complex must have no more than 40% sequence identity compared to interacting protein pairs in other complexes; otherwise, two protein complexes must have different mutations in similar proteins. The sequence identity in two given protein complexes (e.g., interacting pair A and B, and interacting pair C and D) is calculated using BLAST with the default setting for A and C, A and D, B and C, and B and D, denoted by S(A, C), S(A, D), S(B, C) and S(B, D) respectively. Two complexes are redundant if S(A, C) ! 40% and S(B, D) ! 40%, or S(A, D) ! 40% and S(B, C) ! 40%. Applying all the requirements above results in our ASEdb dataset with 366 alanine mutations. Of these, 79 are binding hot spot residues with ΔΔG ! 2 kcal/mol.
The independent test datasets. The first independent test dataset has 19 protein complexes which are mainly retrieved from the BID database [28] . It is denoted as the BID dataset hereafter. A number of label errors in this dataset are corrected according to the original publications. Similar to the ASEdb dataset, interfacial mutations in the BID dataset are defined strictly according to the FoldX method. The mutations of Gly to Ala are not considered in this work, and the structures of protein complexes are required to have available B factors in PDB. All the 118 mutations in this BID dataset are annotated as 'Strong', 'Intermediate', 'Weak' or 'Insignificant'. The 36 alanine mutations labeled as 'Strong' are considered as binding hot spot residues in this work.
The second independent test dataset is downloaded from SKEMPI [11] . Following the filtering step for constructing the ASEdb dataset, the PDB entries in the SKEMPI datset are also required to have low sequence identities with those in the ASEdb or BID datasets, or have significantly different mutations from similar proteins. The resultant SKEMPI dataset has 36 PDB entries with 232 alanine mutations. Of these mutations, 53 are hot spots with ΔΔG greater than or equal to 2 kcal/mol. The requirements for the B factors in the PDB entries and the requirements for the interfacial mutations are set as the same as those for the ASEdb dataset.
B factor
B factor, also known as temperature factor or Debye-Waller factor, measures the relative vibrational motion or the disorder of an atom in the protein crystal. It quantifies the displacement of an atomic position from its mean position in dynamic protein 3D structures and can be calculated using
is the mean square displacement of the atom i. As U 2 i increases, B factor increases. A low B factor implies that the atom is in the well-ordered region of a structure, while a large B factor suggests a high flexibility of the atom. The distribution of B factor in different PDB structures varies greatly. We accordingly normalize the original B factor in this work. A normalized B factor is calculated using the following Eq (1).
where B i is the original B factor of the atom i, B and δ B are the mean and standard deviation of the B factors of most atoms in the PDB of protein complexes, respectively. (After ranking the B factors of all atoms for a protein complex from the smallest to the largest values, 1% minimum atomic B factors are not used to eliminate possible errors with B i = 0, and 9% maximum atomic B factors are also excluded to remove outlier values. The two percentages are empirically determined.) Also, B i norm is the normalized B factor of the atom i. The value 1.645 is a typical threshold under a standard normal distribution, indicating the 0.05 probability of a value outside [−1.645, 1.645] for each of the two tails. min means the minimum of two values, while max denotes the maximum. The first equation in Eq (1) is used to normalize and scale the 90% confidence interval of the B factor to [-1, 1] . The second equation in Eq (1) is used to set any value outside the 90% confidence interval to either -2 or 0, whichever is closer.
B factor-based vector. Two kinds of B factor-based features are used to describe each mutation. One is the averaged B For comparison, two well-known ΔASA (the change of the accessible surface area upon protein complexation) features are also used. One is the logarithm of ΔASA of the mutated residues and the other is
Atomic contact graph for an interface
Atomic contacts and their co-occurrence are intensively used for the prediction of protein binding hot spots in this work. Before defining the atomic contact features for a mutation residue, we illustrate how to generate an atomic contact graph for a protein binding interface. This process of generating contact graphs is similar to the process in our previous work [29] , and is briefly discussed below for easy reference.
Given a protein complex p, we first identify interfacial atoms which have β contacts with their interaction partners. β contact is a new definition of atomic contacts [30] which requires that there are no other atoms interrupting the contact and assumes that two atoms should have enough direct contact area to form an important interaction. For this purpose, this contact definition requires two thresholds. One is a spatial distance threshold T d of the contact between atom i and atom j. The other is ∠β, defining a forbidden region fr of the contact between i and j. fr is required to cover no other atoms. In this work, ∠β = 85, and T d = 1.25 × (vdw i + vdw j ) where vdw * is the van der Waals radius of the atom Ã defined by [31] . Since there is no gold standard to determine the optimal thresholds for T d and ∠β, the two thresholds are determined empirically. Previous works indicate that the number of atomic β contacts in protein binding interfaces only account for a small fraction of the number of distance-based contacts and less than half the number of contacts in the Voronoi diagrams [30] . More importantly, the use of β contacts has been demonstrated to be capable of achieving a better prediction performance in distinguishing false binding of crystal packing from homodimers [30] , predicting binding hot spots and the change of binding free energy after mutations [29] , and estimating protein-ligand binding affinity [32] .
We identify all supporting atoms which have β contacts with any of the interfacial atoms, and then identify all covalently-bonded nearby atoms of all supporting atoms and of interfacial atoms as the neighborhood atoms if the nearby atoms are not backbone atoms. The covalentlybonded nearby atoms of a given atom i are those atoms within 3 covalent-bond steps of i. For example, given a chain of covalent bonds i − j − k − l − m, where − indicates a covalent bond. From i, the covalently-bonded step is 0 to i, 1 to j, 2 to k, 3 to l, and 4 to m, respectively. Thus, i, j, k and l are covalently-bonded nearby atoms of the atom i, while m is not.
All contacts involving neighborhood atoms (including supporting and interfacial atoms) are composed of an atomic contact graph for p. These contacts are used to extract atomic contact features.
A water molecule in PDB is considered as a part of an atomic contact graph if its accessible surface area is less than 1 Å 2 , and it has at least 3 β contacts with hydrogen bond donors (such as a nitrogen atom) and/or hydrogen bond acceptors (such as an oxygen atom). However, the contacts between any two water molecules are not considered.
Atomic contact vectors for a mutation
We design three kinds of atomic contact vectors to describe a mutation. To generate these atomic contact vectors, we categorize all atoms of the twenty standard amino acids into 10 groups, as listed in Table A in S1 File. We then group all pairs of atomic contacts into 14 types (see Table B in S1 File). In particular, we also take into consideration π rings in PHE, TYR, TRP and HIS. In this work, each aromatic ring is represented by two pseudo atoms whose positions are just above the center of the ring and at about 0.5 Å spatial distance from the center. The atomic types of the pseudo atoms are also shown in Table A in S1 File. Based on these types of atomic pairs, three kinds of atomic contact vectors of a mutation are calculated as follows.
Mutated atomic contacts. Given a mutation, an atomic contact vector with 14 elements is used to describe the mutated atomic contacts. The mutated atomic contacts of a mutation are those contacts involving any of its mutated atoms. For each mutation, the value of an element k in this vector is calculated using
norm Þ=2 for all contacts between i and j which belong to the kth group in Table B in S1 File.
Cross-interface atomic contacts in the neighborhood. Another atomic contact vector with 14 elements is also used to characterize the cross-interface atomic contacts that involve any of its neighborhood atoms (including mutated atoms and their supporting atoms) of a mutation. The element values of this vector are calculated in the same way as the vector of mutated atomic contacts.
The co-occurrence of atomic contacts in the neighborhood. The third vector is particularly used to represent the co-occurrence of atomic contacts in the neighborhood of a mutation. To the best of our knowledge, this is the first study to use contact co-occurrence to dissect protein binding hot spots. In this work, two atomic contacts, formed between atoms i and j or between i 0 and j 0 , are considered to co-occur if i 0 is i's covalently-bonded nearby atom or j's covalently-bonded nearby atom, or j 0 is i's covalently-bonded nearby atom or j's covalentlybonded nearby atom. The contact co-occurrence can be used to illustrate the cooperation between atomic contacts. Given a mutation, the co-occurrence of mutated atomic contacts and their co-occurring contacts is represented by a vector which has 105(= 14 × 15/2) elements for all possible co-occurring pairs of the 14 types of atomic contacts. Given all co-occurring atomic contacts of c between the atoms i and j, and c 0 between i 0 and j 0 , assume that the atomic contact type of c is t c and that of c 0 is t c 0 ; then, the value of the element (t c , t c 0 ) is calculated by
Random forest learning model
Integrating all the aforementioned features, each mutation is represented by a feature set with 143 (= 10 + 14 + 14 + 105) elements to associate with its ΔΔG. The relationship between the features of each mutation and its corresponding ΔΔG is learned by a machine learning algorithm, random forest (RF) [26] as implemented in the randomForest package. This learning method is termed ppRF. In ppRF, only those features which each have more than 3 non-zero values in all mutations are used. In the randomForest learning process, 500 trees are built and every terminal node is required to contain at least three mutations. Using randomForest, the importance score of each feature is also produced according to the difference in the performance before and after the permutation of the values of the feature. Note that after the permutation, the relation between the feature and the ΔΔG becomes random. A feature with a larger importance score is generally considered to be more important in the learning process. Thus, the importance score can be used to assess a feature quantitatively. For the atomic contacts and the co-occurring contacts, especially, their unique contribution to the prediction of protein binding hot spots can be properly assessed.
Evaluation measures
Our method ppRF and many existing methods generate a predicted ΔΔG (ΔΔG p for short) for each mutation. We assess the performance of the methods by comparing this predicted value with the observed ΔΔG value. To test the performance of ppRF on the independent BID dataset, a threshold (T hs ) of the predicted ΔΔG is used to define hot spot residues. T hs = 1.5 kcal/ mol is used under the assumption that ppRF underestimates ΔΔG.
The prediction performance for binding hot spots is then evaluated by using the metrics in the following Eq (2).
where binding hot spot residues are considered as the true cases and non-hot spot residues as the false cases; TP, FP, TN and FN represent true positives, false positives, true negatives and false negatives respectively. precision is the number of correct hot spot predictions divided by the number of positive predictions, recall is the fraction of correct hot spot predictions over all hot spot residues, and specificity is the fraction of correct non-hot spot predictions over all non-hot spot residues. These measures are commonly used in [15, 22, 33] with the same definitions.
Results

Prediction performance
Test on three protein complexes to demonstrate that whether a residue becomes a hot spot residue is closely dependent on its binding partner. A residue of a protein can become a hot spot residue when the protein binds with a right protein, while the same residue may not be a hot spot residue anymore even when the protein uses almost the same binding site to interact with other partners. Our work was applied to three protein complexes to understand this point and to evaluate the performance of ppRF, Robetta, KFC2 (KFC2a and KFC2b) and Hotpoint [34] . These complexes are used here for two reasons. One is that they were either incorrectly labeled, or not included in the ASEdb or BID dataset of previous works (i.e., fresh benchmark data). The second is that they serve as good examples to illustrate that the binding hot spots of the same protein are not the same when the protein binds with different partners (forming different quaternary structures). The hot spots in the three complexes are shown in Fig 1 where the proteins in green are the same. The protein in green is able to use the significantly overlapping surface to bind with the three different partner proteins in red (not at the same time); however, the mutations of those overlapping residues make completely different contributions to the three complexes. For example, as shown in Table 1 , the mutation of His470 would have an insignificant influence on the binding in Fig 1(a) and 1(b) , while the mutation would strongly damage the binding in Fig 1(c) . In another example, the mutation of Trp383 is a hot spot residue in Fig 1(a) , but it is a non-hot spot residue in Fig 1(b) and 1(c) . This kind of example exists widely in real world situations. Developing computational predictors that are able to capture the differences between such complexes and then accurately predict hot spot residues for each complex is thus technically challenging but practically extremely useful.
We use four different methods to predict which of Trp383, Arg386, Lys435 and His470 are hot spot residues for the complexes shown in Fig 1. As an example, a correct prediction (ground truth) for His470 is that: this residue is not a hot spot residue in either 1TH1 or in 1JPP, but it is a hot spot residue in 3OUX (Please see Table 1 ). The prediction results are shown in Table 1 . It can be seen that our method ppRF outperforms all other methods. It is not surprising that the prediction results of Hotpoint, KFC2a and KFC2b are almost the same for the three complexes. This is because these methods rely heavily on residue-level features, such as ASA, to make predictions and thus are incapable of capturing the change in atomic contacts in different complexes. In contrast, ppRF and Robetta are able to produce varying scores and ranking for the same mutations in the proteins of the three different complexes. For instance, ppRF produced the highest score for the mutation of Lys435 in 3OUX, because Lys435 has an 'Insignificant' contribution to the binding in 1TH1 and an 'Intermediate' contribution to the binding in 1JPP, but a 'Strong' contribution to the binding in 3OUX (Table 1) . Also, ppRF labels more residues as hot spots on these three protein complexes than the other methods; thus it has a higher negative precision (the fraction of correct non-hot spot prediction over the number of predicted non-hot spots) and a worse specificity of non-hot spot prediction. Nevertheless, ppRF does not have worse specificity on the other datasets, as shown below.
Since several in silico methods have been proposed to predict ΔΔG and binding hot spots using only protein sequences [19, 20] or protein tertiary structure information [21] , our evaluation also suggests that more attention should be paid to the fact that binding hot spots are closely related to quaternary structures, if the quaternary structures or structural information are not available and the differences between protein complexes cannot be uncovered. Accordingly, a ground-truth dataset used in sequence-based or tertiary-structure-based hot spot prediction should be carefully constructed by considering the different mutational effects of the same residues at different complexes.
Leave-complex-out cross-validation performance of ppRF on the ASEdb dataset. We also evaluated several methods on the ASEdb datasets, including FoldX, Robetta, KFC and ppRF. The result is shown in Table 2 , suggesting that ppRF outperforms all other methods with the highest F1 value of 0.570. Note that the performance of ppRF is obtained using rigorous leave-complex-out cross-validation tests. That is, all the hot spots in one complex are retained for testing, while hot spots in other complexes are used to train ppRF. The other methods are trained on a subset of our ASEdb dataset and published with a web server or executable program. They could not be re-trained under this cross-validation. Their performance is calculated using our ASEdb dataset as the input to their web servers or the local executables, generally leading to better performance than the predictor under cross-validation. In other words, the other methods under real cross-validation usually demonstrate worse performance than those in Table 2 . Despite these aspects, ppRF still achieves better performance under strict real cross-validation than the other methods in Table 2 . Performance evaluation on the independent datasets. The ppRF model is also tested on the independent datasets BID and SKEMPI. The prediction results on the BID dataset are shown in Table 3 , and those on the SKEMPI dataset are presented in Table 4 . The performance of our method is compared with those by FoldX, Robetta, KFC2 and HotPoint.
It can be clearly seen from Table 3 that when T hs = 2, our method ppRF achieves a F1 value of 0.581, which is almost 10 percent points higher than Robetta and 6 percent points higher than FoldX. In particular, ppRF achieves the precision value of 0.692, which is 18 percent points higher than FoldX, Robetta and HotPoint. The results indicate that around 70% of the predicted hot spots by our method are true binding hot spots, suggesting that ppRF is particularly useful when computational hot spots with higher accuracy are required with no available wet-lab evidence. When T hs = 1.5 is used, the F1 values of all methods increase. Under this threshold, ppRF still achieves better performance than Robetta, FoldX and Ridge regression on the same feature space used by ppRF. In particular, the F1 value of HotPoint is 0.492, which is about 10 percent points lower than our method.
As shown in Table 4 , our method ppRF achieves a competitive F1 value with Robetta and a considerably higher Pearson correlation coefficient than Robetta. Comparing with the other existing methods, ppRF outperforms again. Also on the SKEMPI dataset, we have investigated the change effect of T d on the performance of the method. We found that our method has 
Important atomic contacts
Important atomic contacts such as hydrogen bonds and salt bridges have previously been included in energy functions to estimate ΔΔG [7, 8] . These atomic contacts are also important for hot spot prediction [7, 8, 36] and have been found to be closely related to hot spots [22] . More types of atomic contacts are worthy of intensive investigation to further our understanding of binding hot spots and protein binding. Using the randomForest model and the atomic contact graph representation, we analyzed all types of atomic contacts to examine (i) whether the important contacts revealed by the literature can be confirmed and (ii) whether new types of contacts critical to protein binding hot spots exist that were previously unknown. Each feature in the randomForest model is assigned an importance score. A larger score suggests that the feature provides irreplaceable knowledge in the prediction of binding hot spots. Trained on the ASEdb dataset, the top-ranked features and their importance scores are shown in Fig 2, whereas the meanings of the top 25 features are given in Table 5 . We give examples as follows.
Top three features, all showing the hydrophobic effect. As can be seen from Fig 2, the top first feature is the feature of mutated contacts (V14) among those carbon atoms (denoted by C_c for short) which have no covalent bonds with oxygen/nitrogen atoms. This ranking highlights the importance of the hydrophobic effect on protein binding hot spots. After the permutation of V14 in the randomForest learning process, MSE (mean standard error) increases by more than 10%. The distribution of V14 and ΔΔG are shown in Fig 3(a) where the mutations with the smallest V14 values are almost hydrophobic residues (denoted by '') in the first group and aromatic residues (denoted by '!') in the fourth group. Table 5 . The top second feature in Fig 2 is related to the cross-interface contacts (V34) between π rings and C_c in the neighborhood of the mutations. This highlights the importance of both the hydrophobic effect and aromatic residues for protein binding hot spots. The permutation of V34 in the randomForest learning process leads to the increase of MSE by more than 10%. Its distribution together with ΔΔG is shown in Fig 3(b) from which the same conclusion can be drawn as from V14.
The top third feature in Fig 2 is the co-occurrence (V84) of a contact in C_c and a contact between C_c and π rings. Although individual V14 and V34 both emphasize a hydrophobic effect on the prediction of binding hot spots, V84 still has a high ranking. Its permutation also leads to an increase of more than 9% MSE. This suggests that the co-occurrence of the two types of contacts represents a unique property of binding hot spots which is absent in : features are in descending rank order according to the importance score generated by the random forest model in Fig 2. 2 : R PCC is calculated over mutations with non-zero feature values.
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: '1' indicates mutated atomic contacts, '2' indicates interfacial atomic contacts in the mutation neighborhood, while '3' denotes the co-occurrence of atomic contacts. 4 : 'group X' indicates the Xth group of atomic contacts in Table B in S1 File. Co-Occurring Atomic Contacts for Characterizing Binding Hot Spots individual V14 or V34. Thus, the clustering influence of hydrophobic contacts is of critical importance to protein binding. An example of the hydrophobic effect is presented in Fig 3(d) where one mutation Tyr54 (ΔΔG = 4.83kcal/mol) in Chain A of protein structure (PDB ID: 1BXI) has the smallest value of V34 in Fig 3(b) , and the other mutations Tyr55 in Chain A has the smallest value of V84 in Fig  3(c). Fig 3(d) clearly shows that there are many C_c carbons around these two mutations, while the two residues also have π rings. Thus, in the neighborhood of the mutations, there are a large number of contacts between π rings and C_c, and their co-occurrence with the contacts in C_c, thereby illustrating why these two residues are important to protein binding. Interestingly, Tyr55 has a large ASA in the complex (ASA = 73.6 Å), but its ΔΔG = 4.63kcal/mol is still quite high.
Hydrogen bonds and hydrogen bond network. Hydrogen bonds are widely considered to be an important factor for protein folding and binding. As can be seen from Fig 2, ppRF gives higher ranking for three kinds of hydrogen bond features: mutated hydrogen bonds (V11), cross-interfacial hydrogen bonds in the neighborhood of the mutations (V25), and the co-occurrence of hydrogen bonds in the neighborhood (V39). Their distribution of these features with ΔΔG is shown in Fig 4. It is not surprising to see in Fig 4(a) that most of the mutations with the smallest feature (V11) values are from the third group (GLU, ASP, LYS and ARG). The neighborhood of these mutations also contains many hydrogen bonds, as shown in Fig 4(c) . The co-occurrence of hydrogen bonds is shown in Fig 4(b) where the mutations with the smallest feature values are all hot spots. In fact, the co-occurrence of hydrogen bonds is a property of a hydrogen bond network. Fig 4(b) thus indicates the contribution of the hydrogen bond network to protein binding.
The importance of the hydrogen bond network is further illustrated in Fig 4(d) using an example of the mutation of Asp39 in Chain D of 1BRS (PDB ID). This mutation has ΔΔG = 7.7kcal/mol with the smallest value of V39 in Fig 4(b) . In Fig 4(d) , many hydrogen bonds are localized in the neighborhood of the mutation, demonstrating how this network contributes to protein binding. In fact, there are seven other residues in this neighborhood network. Alanine mutation experiments have confirmed that five of the seven residues are true hot spot residues: Lys27 of Chain A with ΔΔG = 5.4kcal/mol, Glu73 of Chain A with ΔΔG = 2.8kcal/mol, Arg87 of Chain A with ΔΔG = 5.5kcal/mol and His102 of Chain A with ΔΔG = 6kcal/mol, and the Glu mutation of Arg83 of Chain A with ΔΔG = 5.4kcal/mol. There is no experimental evidence to date for the other two residues. The extension of this neighborhood network contains two more alanine mutations: Tyr29 of Chain D with ΔΔG = 3.4kcal/ mol and Thr42 of Chain D with ΔΔG = 1.8kcal/mol. This cluster of residues strongly supports the stability of cooperative hydrogen bonds in the network-the removal of any hydrogen bonds involving a residue would heavily affect the whole hydrogen bond network. It also provides evidence for the 'hot region' property of binding hot spots [37] (binding sites-one side of the interfaces-might have several 'hot regions', locally tightly packed regions containing the clustered, networked, structurally conserved residues) and for the 'coupling' theory [38] (hot spot residues tend to couple a two-chain interface with higher local packing density).
The various importance of B factor in the prediction of binding hot spots. Protein flexibility, as exemplified by B factor, is closely related to protein functions such as catalysis and allostery [39] . Deeply buried atoms in the core of the protein structure are often rigid and have low B factors [40] , and interfacial residues in protein binding complexes also tend to have lower B-factors compared to the rest of the tertiary structural surface [25] . The importance of B factor in the prediction of binding hot spots has been investigated in a previous work [33] where the B factor based on the CA atoms was found to have an insignificant effect on hot spot prediction when used as an individual feature.
In contrast to the previous approach, we concentrate on B dif for the third group suggest fewer binding hot spots. Note that the third group contains GLU, ASP, LYS and ARG, which are all strongly charged residues. Thus, it is reasonable that charged residues lose motion freedom to contribute to protein binding. The B r dif of the fourth group of the three aromatic residues (PHE, TRP and TYR) has a similar effect ( Fig 5(a) ) with the exception of two outliers of the smallest values. In contrast, the B r dif of all other residues (Fig 5(d) for the first and the second groups of amino acids) contributes less to the prediction of protein binding hot spots. This might partly explain why the work in [33] drew the conclusion that the B factor of all types of amino acids in a same group contributed little to the accurate prediction of binding hot spots.
Conclusions
We have proposed a new computational approach termed ppRF in this paper to characterize protein binding hot spots. Our method ppRF integrates the contributions from multiple informative features, including B factor, mutated atomic contacts, neighborhood cross-interface contacts and co-occurring neighborhood contacts. Assessed on independent test datasets and under cross-validation, ppRF achieves a significant improvement compared to competitive methods in the literature. ppRF is able to detect features which make a unique contribution to the prediction of binding hot spots. Some features have been investigated and widely used in existing energy prediction functions, such as hydrophobic contacts and hydrogen bonds. Some features have seldom been studied previously, such as the co-occurrence of hydrophobic contacts and π involving contacts, and hydrogen bond networks. In conclusion, this work not only presents a more accurate prediction method, but also provides important novel insights into the atomic-level rules of protein binding hot spots.
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